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Abstract

Grain morphology is a fundamental characteristic of lunar soil that influences
its mechanical properties, sintering behavior, and in situ resource utilization.
However, traditional two-dimensional imaging methods are time-consuming
and lack full three-dimensional (3D) structural information. This study presents
an automated deep learning-based segmentation and reconstruction algorithm
for high-resolution X-ray computed tomography scans of Chang’e-5 lunar soil
samples. By integrating a U-Net convolutional neural network with a water-
shed algorithm, this method enables efficient and accurate 3D reconstruction of
553,578 lunar soil particles, significantly reducing manual annotation time. The
results reveal a median particle size of 63.73 um, an average aspect ratio of 0.55,
and an average sphericity of 0.87, providing key insights into lunar regolith mor-
phology. A clustering analysis identified 30 representative particle types, whose
STereoLithography models will be made publicly available for further research
and numerical simulations. These findings offer crucial data for discrete element
modeling, thermal analysis, and engineering applications, supporting future
lunar exploration and the development of sustainable lunar infrastructure.
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1 | INTRODUCTION

With the resurgence of global interest in lunar exploration
(Li et al., 2019; Mandt, 2024; Schorghofer & Rufu, 2023),
the focus has shifted to crewed lunar landings, lunar
exploration activities, and lunar base construction (Bao
et al., 2024; Y. Wang et al., 2022). The effective execution
of these plans depends on attaining various essential engi-
neering goals, including the secure landing and launching
of spacecraft, as well as the development and guidance of
lunar rovers (Chien et al., 2024; Ding et al., 2024), and the
utilization of in situ lunar resources (Yao et al., 2022; S.
Zhou et al., 2021).

Understanding the three-dimensional (3D) morpholog-
ical properties of lunar soil particles provides critical
scientific data necessary for tackling these major engi-
neering challenges. For instance, the interaction between
lunar soil and rocket exhaust plumes during lander takeoff
and landing can alter the gas-solid coupling flow pro-
cess under plume impact (Metzger et al., 2011; Sarwar
& Hasnain, 2024), leading to the phenomenon of lunar
dust lofting, which obstructs visibility. The resulting ero-
sion pits can damage the lunar surface, posing safety
hazards. This process is significantly influenced by the
size and surface morphology of the lunar soil. Addition-
ally, the mechanical as well as flow properties are mainly
affected by the shape, size, and surface roughness (L. Yang
et al., 2020). Examining these properties sheds light on
the mechanisms governing the mechanical behavior of
lunar soil, clarifies its interaction with rover wheels (Ding
et al., 2022) to prevent immobilization, and supports the
excavation and sampling processes. Additionally, under-
standing the 3D morphological characteristics of lunar
soil particles is essential for lunar infrastructure develop-
ment, including the construction of landing pads, roads,
and 3D-printed regolith structures (R. Zhang et al., 2022;
C. Zhou et al., 2024). The mechanical behavior of lunar
soil, particularly its compaction, load-bearing capacity,
and interlocking effects, is directly influenced by parti-
cle shape and roughness. These properties also play a
crucial role in sintering and geopolymer-based hardening
techniques, where irregular particle shapes create voids
that hinder heat transfer, potentially leading to defects
in fabricated materials (Gupta et al., 2024). The detailed
3D reconstruction and classification of lunar regolith par-
ticles in this study provide critical input for discrete
element method (DEM) simulations, which are widely
used in civil engineering to model granular mechanics
and predict material behavior under different loading
conditions.

Grain morphology information, represented by particle
size distribution, is one of the fundamental geological and
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geotechnical classification parameters of lunar regolith. It
reflects the degree of space weathering caused by mete-
orite impacts and contains information on the evolution of
lunar soil. The particle shape of lunar regolith also influ-
ences its mechanical strength, compressibility, thermal,
optical, and seismic properties. The National Aeronautics
and Space Administration has conducted detailed mor-
phological analysis on 143 samples collected from the
Apollo and Luna missions (Graf, 1993). The Chang'e-5
lunar regolith was collected from the northeastern edge
of Oceanus Procellarum, a location distinct from previous
lunar sample sites, providing an opportunity to enhance
the comprehensiveness of lunar morphology studies (Y.
Chen et al., 2023).

However, the limited quantity and precious nature
of these samples necessitate non-destructive methods to
study them. Current research methods have limitations.
Traditional particle size analysis methods include electri-
cal resistance, sedimentation, microscopy, light scattering,
and sieving. Existing studies on lunar soils mainly rely on
scanning electron microscopy (SEM) or optical microscopy
(Cao et al., 2022; Li et al., 2022; H. Zhang et al., 2021),
which can only capture two-dimensional (2D) projections
of the particles and lack 3D morphological and surface tex-
ture information. Moreover, these methods often damage
the valuable lunar soil samples. SEM requires coating the
non-conductive lunar soil with gold, while light scattering,
sedimentation, and electrical resistance methods require
ultrasonic dispersion of the soil in water or other solvents,
contaminating the samples and making them unrecover-
able. Sieve analysis is usually only suitable for particles
with a particle size larger than 10 um. However, lunar
soil particles have poor sorting properties, with a consid-
erable proportion of tiny particles under 10 ym (Carrier
et al., 1991). Additionally, the extremely low conductivity
of lunar soil causes electrostatic attraction, leading parti-
cles to cling to the sieve and complicating sample recovery
(Olhoeft et al., 1974). These methods usually require select-
ing dozens to hundreds of particles from lunar soil samples
for observation, which is time-consuming, labor-intensive,
and risks damaging the samples, disrupting the spatial
structure and altering particle positions.

3D X-ray computed tomography (CT) technology
presents a new way for non-destructive testing of the 3D
morphology of lunar soil (D. Chen et al., 2024). The process
of 3D reconstruction using CT images primarily involves
several steps: acquisition of 2D tomographic images, image
segmentation, 3D reconstruction, model measurement
and statistical analysis, and result validation.

Accurate segmentation algorithm of lunar soil particles
and the voids created by their accumulation is crucial
for measuring the 3D morphology of lunar soil using CT
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images. Traditional segmentation methods include inten-
sity thresholding, area expansion, and boundary detec-
tion, all of which focus on using grayscale thresholds to
differentiate target particles from background voids. How-
ever, since individual lunar soil particles may contain
various minerals, presenting different grayscale values
in CT slice images, these grayscale-based methods tend
to divide a multi-mineral particle into several seg-
ments. Additionally, for high-resolution CT images of
fine lunar soil particles, the manual correction process
based on grayscale thresholds can be time-consuming and
labor-intensive.

The use of deep learning algorithm, particularly the
U-Net architecture, for segmenting CT images has been
widely applied in fields such as medical imaging (J. Wang
et al., 2023), biology (Falk et al., 2019; Rafiei et al., 2022),
image classification (Alam et al., 2020), marine sedimen-
tology (Mitra, et al., 2024), battery design (Lu et al., 2020),
vehicle detection (Garcia-Aguilar et al., 2023), concrete
strength estimation (Rafiei et al., 2017), and numerical
computation acceleration (Pereira et al., 2020) effectively
addressing variability and complexity in data (De Nardin
et al., 2023; Sun et al., 2024). However, its application in
the segmentation of lunar soil particles remains limited.
The data-driven learning process holds promise for resolv-
ing the issue of varying grayscale voxels within single lunar
soil particles.

To address these issues, this research utilizes actual
lunar soil particles from the Changle-5 mission and
employs high-resolution X-ray CT images technology
to scan the images of lunar soil samples. Deep learn-
ing techniques are used to automatically process the
slice data for particle identification and segmentation,
enabling 3D reconstruction. This approach has estab-
lished a vast digital model library of lunar soil particles
and measured 3D morphological parameter of the lunar
sample.

This method offers several advantages. First, it is non-
destructive (Katagiri et al., 2015), as the lunar soil is
only exposed to X-ray irradiation without any additional
damage or loss in quantity. Second, it captures the 3D
characteristics and spatial packing structures of the par-
ticles (Lu et al., 2020). Third, the process is automated,
which significantly saves time and effort (Falk et al., 2019).
The comprehensive and precise 3D morphological data
of lunar soil provided by this study serve as fundamental
data for discrete element modeling and thermal analysis of
lunar soil particles in engineering research. This research
provides key insights into the mechanical properties and
behavior of lunar soil, aiding the progress of lunar explo-
ration initiatives and the development of sustainable lunar
bases.
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2 | PARTICLE SEGMENTATION AND 3D
RECONSTRUCTION OF CT-SCANNED
IMAGES FROM LUNAR SAMPLE

2.1 | Preparation of the Chang’e-5 lunar
samples

On December 17, 2020, the CE-5 lunar samples were
returned to Earth and stored at the National Astronom-
ical Observatories, Chinese Academy of Sciences, with a
total weight of approximately 1731 g. The samples were cat-
egorized into scooped (CE5C) and drilled (CE5Z) types,
based on two sampling methods. The scooped samples,
collected from four points at a depth of ~3 cm, were trans-
ferred into a 16 cm square stainless-steel container, mixed
thoroughly, and rock fragments larger than 1 mm were
removed. A 12 g portion was randomly scooped from 10
of the 16 divided squares and placed into separate bot-
tles (CE5C0100-CES5C1000). This process was repeated
13 times to ensure sample homogeneity. All handling
occurred within a sealed, nitrogen-filled glove box, with
water and oxygen levels kept below 1 ppm to prevent
contamination and preserve sample integrity (Li et al.,
2022).

2.2 | X-rayCT
Approximately 30 mg of regolith from the
CE5C0400YJFM00406 subsample, originally taken

from the CE5C0400 bottle, was transferred into a quartz
tube with an inner diameter of 2 mm. The sample was then
scanned with high-resolution X-ray CT of FEI Heliscan
MicroCT. During the process, the sample stage rotated
and moved along a helical path, capturing thousands of
projections at an isotropic voxel size of 0.9923 ym and a
field of view of 2861 x 2861 um. The source voltage is 80 kV,
and the source current is ~90 pA. One thousand slice
radiographs in the center part were selected for image
processing. A cylindrical shape tool was used to select the
lunar soil sample area as the region of interest for analysis.

The Change-5 sample consists of soil particles and
voids between the particle-overlapping skeleton. Figure 1
shows a typical CT scan slice image. The prerequisite for
reconstructing particles from CT images is the precise seg-
mentation of lunar soil particles and voids in 2D slices.
The gray value is proportional to the X-ray attenuation
coefficient of the substance, based on which the particle
segmentation is performed. Unlike CT images of homo-
geneous materials where the interior of particles typically
exhibits uniform grayscale values (Lu et al., 2020), lunar
soil is a mixed-phase material composed of plagioclase,
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FIGURE 1
Chang’e-5 lunar soil sample.

A typical computed tomography (CT) scan slice of

clinopyroxene, ilmenite, olivine, and other trace minerals
(Hu et al., 2021; Y. Jiang et al., 2022). Different minerals
have varying X-ray absorption rates, resulting in different
grayscale regions within a single particle. This variabil-
ity complicates traditional segmentation methods that rely
on grayscale thresholding, as different grayscale regions
within the same particle may be identified as separate par-
ticles. Additionally, it is worth noting that some lunar soil
particles contain internal voids, which can cause interrup-
tions in particle images in 2D slices, further complicating
segmentation.

2.3 | Image binarization and particle
segmentation using U-Net deep learning
network and watershed algorithm

The purpose of the binarization is to separate the lunar soil
particle and pores in the X-ray radiographs of lunar sam-
ples. In this study, a U-Net architecture (Ronneberger et al.,
2015) was utilized for image segmentation. The prepared
dataset consists of horizontal scan sections of CT data,
where both lunar soil particles and voids were labeled.
U-Net is a convolutional neural network originally devel-
oped for biomedical image segmentation (Ronneberger
et al., 2015). It consists of an encoder-decoder archi-
tecture, where the encoder extracts hierarchical spatial
features, while the decoder reconstructs the segmentation
mask. The segmentation output (x,,) can be represented as
Equation (1):

S(x,y,2) =0 (Wq-ReLU (W, - I1(x,y,2) + b,) + bg)
ey
where I(x, y, z) represents the input 3D CT image; W,, b,
are the encoder weights and biases, respectively; W, by
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FIGURE 2 U-Net architecture used for the initial
segmentation of lunar soil particles and pores. ReLU, rectified linear

unit.

are the encoder weights and biases, respectively; and o is
the softmax activation function. The ReLU (i.e., rectified
linear unit) function introduces non-linearity, ensuring
effective feature extraction by setting negative values to
zero while preserving positive activations.

During the segmentation process, particles were marked
as positive samples, while voids were treated as negative
(background) regions. Manual annotation was performed
on a subset of the CT slices to generate ground truth
labels, ensuring accurate particle and void segmenta-
tion. This approach allowed the model to differentiate
between particles with varying grayscale values and inter-
nal voids, enhancing segmentation accuracy in mixed-
phase materials. The network architecture is shown in
Figure 2. The model was implemented using Python 3.11
and Pytorch 2.1.0. All experiments were conducted on a
system equipped with an Intel Xeon w7-2475X CPU and
two NVIDIA GeForce RTX4090 GPUs. The experimental
dataset comprised 100 manually annotated radiographs of
lunar soil particles and pores. The images were randomly
divided into a training set and a validation set in an 8:2
ratio. During model training, the following hyperparam-
eters were configured: the input (patch) size was set to 64,
the stride-to-input ratio was 0.5, the number of epochs was
100, and the batch size was 32. The loss function used was
categorical cross-entropy, and the optimization algorithm
employed was Adam, resulting in the determination of the
optimal hyperparameters for the model.

The next step in the process is particle segmenta-
tion, which involves further extracting individual particles
from the binarized results. Traditional segmentation meth-
ods (e.g., Otsu thresholding, region-growing algorithms)
struggle with lunar soil CT images due to overlapping
grayscale values of different minerals and the presence
of internal voids (Yu et al., 2025). Therefore, we inte-
grate U-Net with a watershed algorithm (Vincent & Soille,
1991) to refine boundaries. The process included steps of
grayscale conversion, noise reduction, thresholding, dis-
tance transform, marker identification, and watershed
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transformation. Finally, segmented particle images from
various slices were combined to reconstruct the 3D struc-
ture of lunar soil particles.

3 | 3D MORPHOLOGY OF LUNAR SOIL
PARTICLES

This article comprehensively characterized the 3D mor-
phology of lunar soil particles, primarily analyzing the
particle size and spatial distribution, shape, and surface
roughness.

3.1 | Spatial position distribution and
size distribution

The geometric center of each particle was determined
by calculating the arithmetic mean of the coordinates of
the centers of all voxels within the particle. Ignoring the
uneven density distribution caused by different mineral
compositions of lunar soil particles, this geometric center
also served as the particle’s centroid.

In terms of size characterization, the voxel count, vol-
ume, equivalent spherical diameter (ESD), and average
Feret diameter were used. The volume of a single lunar
soil particle was calculated by multiplying the number of
voxels comprising the lunar soil particle (voxel count) by
0.9923° um?>. The equivalent sphere diameter refers to the
diameter of a sphere with the same volume as the lunar soil
particle, while the average Feret diameter is the mean of
the longest linear dimensions of particle projections mea-
sured in different directions. A spherical coordinate system
was established at the centroid, and the steps for azimuth
angle (®) and polar angle (9) were set to 10 degrees, cover-
ing all angle combinations to span 360 degrees of azimuth
and 180 degrees of elevation. The Feret diameter was mea-
sured for each angle combination to obtain the average
Feret diameter.

3.2 | Shape analysis

In shape analysis, the aspect ratio and sphericity were used
for description. The aspect ratio is the ratio of the smallest
to the largest side length of the particle’s minimum bound-
ing box (Michikami et al., 2018). The aspect ratio values
span from 0 to 1, where values nearer to O represent more
elongated particles, while values closer to 1 signify particles
approaching the shape of a perfect cube or sphere. Spheric-
ity was measured by calculating the ratio of the object’s
volume to its surface area as defined in Equation (2) (Graf,
1993), where S is sphericity, V), is volume of the parti-
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cle, and Sp is the surface area of the particle. In terms of
the overall characteristics of surface roughness, the total
roughness proxy (TRP) was used for quantification, which
reflected the difference between the smallest and largest
radii observed across all three planes, thus providing a
quantitative indicator of the object’s surface irregularity.

S =1/367V3/S, )

3.3 | Clustering analysis and local
roughness

Using the K-means algorithm (Ikotun et al., 2023), a clus-
tering analysis was performed on the mean Feret diameter,
aspect ratio, sphericity, surface area, ESD, TRP of all seg-
mented Chang’e-5 lunar soil particles, with total number of
clusters set to 30, followed by local roughness calculations
for representative particles using marching cubes to create
STereoLithography (STL) files, spherical harmonic fitting
for a smooth reference surface, and visualizing roughness
distribution and shape.

4 | RESULTS OF SEGMENTATION AND
3D RECONSTRUCTION
4.1 | Training results of binarization

based on U-Net model

The model training outcomes are assessed through two
metrics: the cross-entropy loss function and the Dice
evaluation coefficient. A lower loss function value and
a Dice coefficient nearing 1 suggest improved model
performance. Figure 3 illustrates the variation in loss func-
tion values and the Dice coefficient as training iterations
increase.

In the training of a U-Net model for binarization of
lunar soil particles from 3D X-ray radiographs data, the
observed loss metrics indicated a promising learning pro-
gression (Figure 3a). As shown in the training curve, both
the training and validation losses dropped significantly in
the early epochs, indicating that the model quickly learned
the relevant features. Post approximately 20 epochs, the
rate of decline plateaued, signaling the onset of conver-
gence. Notably, the training loss consistently maintained
a lower value, compared to the validation loss, indicat-
ing no significant overfitting and affirming the model’s
ability to generalize. The validation loss, after reaching a
nadir, remained relatively stable, a desirable outcome that
underscores the model’s robustness against overfitting.
The low magnitudes of both losses at convergence imply a
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FIGURE 3 Training and validation (a) loss curves and (b) Dice

coefficient curves for U-Net based segmentation of lunar soil
three-dimensional (3D) X-ray microscope.

satisfactory performance in binarization the lunar soil par-
ticle 3D X-ray microscope data, warranting the potential
applicability of the model in practical scenarios. Further
model refinement could be pursued by fine-tuning hyper-
parameters or extending data augmentation strategies,
should the necessity for improved validation performance
be identified.

Moreover, as shown in Figure 3b, the Dice coeffi-
cient for both the training and validation sets increased
rapidly in the initial stages and stabilized after approxi-
mately 20 epochs. The validation set achieved a slightly
higher Dice coefficient than the training set, indicating
the model’s strong generalization capability. At conver-
gence, the segmentation model achieved a Dice coefficient
of 0.91, demonstrating its effectiveness in accurately bina-
rizing lunar soil particles for automatic segmentation
of X-ray radiographs. This corresponds to an approxi-
mate 9% area discrepancy, compared to the ground truth,
which is acceptable for large-scale morphological analy-
sis. However, minor uncertainties may arise in extracted
parameters such as aspect ratio, sphericity, and roughness,
particularly for small particles where boundary inaccura-
cies have a greater proportional impact. Nonetheless, given
the dataset size (553,578 particles), such variations do not
significantly affect the overall statistical trends.
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4.2 | Particle identification and
segmentation results

Figure 4a shows a typical CT scan slice and an image of
a cylindrical lunar soil powder sample composed of 1000
slices. The segmentation results are shown in Figure 4b.
Lunar soil particle regions are represented in green and
void regions in magenta. A corner of the 3D model is
cut away to show the internal structure of the segmented
image. The results show that the model effectively seg-
mented lunar soil particles and voids in the slice images,
completing the process in just 17 h, 17 min, and 15 s, greatly
reducing the time, compared to manual annotation. As
seen in Figure 5, the segment method based on U-Net
proposed in this study can accurately identify lunar soil
particles with internal voids and those containing more
than two types of minerals. Additionally, the voxel vol-
ume of lunar soil particles is 1,365,512,332 prn3, and the
void volume is 1,635,560,668 pm3. By taking the ratio of
these two volumes, the void ratio is calculated to be 1.20.
The reported values for the void ratio of lunar soil sam-
ples range between 0.67 and 2.37 (McKay et al., 1974).
The results from CT image processing fall within this
range, also proving the effectiveness of the segmentation
algorithm.

Figure 4c,d shows the results of using the watershed
algorithm to identify particles in the segmented images,
with a total of 773,539 lunar soil particles segmented. A
cylindrical shell matching the size of the original slice
data’s 3D reconstruction was constructed, and Boolean
operations were used to subtract particles intersecting
with the cylindrical shell. The shape information of these
boundary particles was not completely scanned, so they
needed to be removed. Finally, a total of 724,470 complete
lunar soil particles were obtained as shown in Figure 4e.
It can be seen that many voids appear in the outer shell
region of the 3D model, which are the locations where
particles have been removed.

5 | 3D MORPHOLOGICAL
CHARACTERISTICS
5.1 | The size and spatial distribution of

lunar soil

The lunar soil particles with sizes similar to the scan-
ning resolution are difficult to distinguish in the Micro-CT
scanned images, which can lead to misjudgments during
image annotation and U-Net network recognition. This
study assumes that particles with volumes smaller than
27 voxels are misjudgments caused by instrument error
or noise. After removing these particles, a total of 553,578
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(a) (b)

FIGURE 4 Chang’e-5lunar sample 3D reconstruction and particle segmentation workflow based on U-Net deep learning network and
watershed algorithm. (a) The raw data of reconstructed grayscale images with a spatial resolution of 0.9923 x 0.9923 X 0.9923 um?. The
cross-section marked with a red dotted box shows the position of the displayed slice in the model. (b) Utilizing the U-Net for the segmentation
of two-dimensional (2D) slices, the image types are divided into two categories: particles and pores. The segmentation results are

reconstructed in three dimensions, with green representing particles and magenta representing pores. (c) The identification of local minima

in the resulting images from U-Net segmentation and the construction of the gradient magnitude map based on these minima. (d) The
application of the watershed algorithm on the gradient magnitude map to determine the boundaries between particles and pores, enabling
the individual classification of each particle. (e) A reconstruction model of lunar soil particles containing 724,470 particles was obtained after
particles that intersect the scanning boundary are removed. In the 2D slices, the region of interest was deleted, as indicated by the red dashed

line circle marking the removed particles.

(a)

500pum

FIGURE 5

A representative slice from the 3D X-ray microscope scan. (a) Original scan and (b) particle identification results, accurately

segmenting particles with internal pores (yellow circles) and multi-mineral compositions (red circles) despite grayscale variations.

particles were obtained for statistical analysis of the 3D
morphological parameters of the lunar soil. The 27-voxel
threshold was selected based on the resolution of the CT
scans (0.9923 um per voxel), corresponding to an ESD of
approximately 3.69 um. Objects below this size are likely
to represent noise or segmentation artifacts rather than
true lunar soil particles. Removing these particles mini-
mized noise interference and enhanced the accuracy of
the particle size distribution analysis. The frequency distri-

bution histograms of ESD and the average Feret diameter
are shown in Figure 6a,b. The ESD ranges from 3.69 to
507.64 um, with mean, median, and mode values of 7.84,
6.00, and 7.67 pum, respectively. The average Feret diame-
ter ranges from 4.00 to 865.28 um, with mean, median, and
mode values of 9.91, 7.36, and 7.47 um, respectively. The
size of the equivalent diameter is related only to the particle
volume, while the average Feret diameter is influenced by
the different contour sizes of irregular lunar soil particles
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FIGURE 6 Particle size measurement and 3D spatial distribution of Chang’e-5 lunar soil particles. The frequency distribution histogram
displays (a) equivalent spherical diameter (ESD) and (b) average Feret diameter. Lower horizontal axis represents particle size as @, where

@ = log,D;. Ds and Dy ESD and average Feret diameter, respectively, measured in millimeters. The upper horizontal axis displays particle
sizes in millimeters. (c) 3D centroid positions of particles, with sphere sizes representing D (some omitted for clarity). (d) Cumulative
volume distribution of equivalent diameters from different methods: Micro-CT (this study, blue), laser particle size analysis (H. Zhang et al.,

2021, rose), optical microscopy (Li et al., 2022, green; Zhang et al., orange). (e) Volume-based mechanical composition comparison between
Chang’e-5 and Apollo 17 lunar soils of varying maturity (McKay et al., 1974).

projected in different directions. Therefore, the statistical
values of the two parameters differ.

The centroid coordinates of 553,578 particles are calcu-
lated and visualized using spheres of varying diameters
to represent the average Feret diameters as illustrated in
Figure 6¢. To ensure clarity in the display, some particles
are omitted from the figure. However, the centroid coor-
dinates and average Feret diameters of all 553,578 particles
are available on request from the authors for future numer-
ical modeling. The precise arrangement of the lunar soil
particles, with accurate coordinates and size data, allows
for exact geometric modeling of the lunar soil matrix in
DEM simulations (M. Jiang et al., 2013; S. Wang & Jiang,
2024). This enhances the model’s realism and relevance in
reflecting the soil’s behavior under various physical condi-
tions. DEM simulations require a realistic representation

of the material to accurately predict its behavior under
different loading conditions. The initial spatial arrange-
ment of the particles influences their interactions during
the simulation. Capturing this arrangement accurately
ensures that the simulation closely mirrors the true behav-
ior of lunar regolith. The initial spatial distribution affects
the number and distribution of contacts between particles,
which in turn influences the overall mechanical response,
such as stress distribution, strain, or failure patterns. The
data offer a scientific basis for precise modeling in discrete
element simulations, ensuring that the simulation param-
eters reflect the actual conditions experienced by lunar
regolith.
The cumulative volume distribution of the ESD of
CE5C0400YJFMO00406 is shown in Figure 6d. Particle size
distribution parameters can be derived by selecting specific
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percentile sizes from the cumulative frequency diagram
on a log-probability graph. The definition of a percentile
(d,) means that at the nth percentile, n% of the sample
has a particle size less than this value, leading to effec-
tive grain size d;(, middle grain size d3,, median grain size
dsg, and constrained grain size dg, which are 13.45, 33.10,
63.73, and 89.28 um, respectively. This indicates that most
particle sizes are concentrated around 60 um. A small ds,
value suggests a high degree of maturity for the lunar soil
sample, reflecting its monodisperse nature. Recent reports
have also confirmed the maturity of this lunar soil (Li et al.,
2022; H. Zhang et al., 2021). Further calculation obtained
coefficients of uniformity C, and curvature C, of 6.63 and
0.91, respectively, indicating A C, greater than 5 indicates
that there are sufficient finer particles in the lunar soil to
fill the voids between the coarser particles, resulting in
a denser soil structure. However, the relatively small C,
suggests a step within the range from ds, to dgg, indicat-
ing a lack of certain particle sizes within this range. The
mean, skewness, and kurtosis are 101.87 um, 0.64, and 1.36,
respectively. A positive skewness suggests that the parti-
cle distribution tends toward finer particles. The kurtosis
value, being less than 3, shows that the particle distribution
is flatter than a normal distribution.

The cumulative volume distribution of particle sizes
of lunar soil tested by the other three different lab-
oratories is shown in Figure 6d. The four curves are
close but not identical. Ds, of CE5C0400 (H. Zhang
et al, 2021), CE5C0800YJFMO001 (Li et al., 2022),
CE5C0400YJFM00403 (Cao et al., 2022) is 55.24, 52.54,
28.72 um, respectively. The most significant variations
occur at the smallest particle sizes. The difference should
be related to not only the distinction caused by Chang’e-5
samples in different batches but the measurement method.
The particle size of sample CE5C0400 was measured using
a laser granulometer, which has a measurement range
of 0.1 to 3500 um. This explains why CE5C0400 includes
measurements in the smaller particle size range. Samples
CE5C0800YJFMO001 and CE5C0400YJFMO00403 were
analyzed by dispersing the lunar soil in a solution, then
dropping it onto aluminum-coated glass slides and count-
ing the particles by an optical microscope with a resolution
of 0.4 pm. The particle size distribution results indicate
that CE5C0400YJFMO00403 has finer measurements,
compared to CESC0800YJFMOO01. The overestimation of
smaller particle sizes could result from overexposure in
the dark-field imaging needed to detect them.

The results of the four size measurements are grouped
by coarseness according to the clastic sediment classifi-
cation method (Udden, 1914; Wentworth, 1922) as shown
in Figure 6e. These groups are referred to as grades. Each
grade includes particles within a size range defined by two
adjacent separations. The diameter of fine clay ranges from
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1/2048 to 1/1024 um. Gravel refers to particles larger than
1 mm. These separations follow a uniformly decreasing
series of diametrical dimensions, ensuring that the largest
particles in each grade have twice the diameter of the
largest particles in the next finer grade, from the coarsest
to the finest. In the Chang’e-5 lunar soil sample used in
this study, coarse silt with the particle size ranging from
31.25-62.50 um is present in greater quantity (20.85%) than
any other, which is called the major grade. The content
proportions of very fine sand (62.5-125 pm) and medium
silt (15.63-31.25 um) are 20.46% and 15.91%, ranking second
and third, respectively, and are referred to as the secondary
major grades.

In the process of lunar surface weathering (Liu et al.,
2024; Wu et al., 2023; Zeng et al., 2024), as the exposure
time on the lunar surface increases, the lunar soil devel-
ops from immature to submature and finally to mature.
This process gradually decreases coarse particles while
increasing fine ones. The particle classification results of
representative lunar soil samples collected by Apollo 17 at
various stages of maturity (McKay et al., 1974) are shown
in Figure 6e. Due to the removal of particles larger than
1 mm during the Chang’e-5 lunar soil sampling process,
particles smaller than 1 mm in the Apollo sample were
selected for grading comparison. As the lunar soil matures,
the content of the larger particles, specifically the coarse
sand grades, significantly decreases. It can also be observed
that the major grade and the secondary major grades of
the Chang’e-5 sample fall between the mature (78221,8) and
submature (75081,44) samples, but they lack large particles
in the coarse sand grade. Therefore, the lunar soil is more
inclined to be classified as mature lunar soil, aligning with
the findings of Li et al. (2022). It is important to note that
although classification criteria based on terrestrial sedi-
mentology have been adopted as a reference framework
to facilitate comparison with existing research, the signifi-
cant differences between lunar soil and terrestrial soils in
terms of genesis, mineral composition, and physical prop-
erties are fully recognized. Therefore, this classification
method is employed solely as a descriptive tool with inher-
ent limitations, and future research will aim to develop
particle classification standards that are better suited to the
unique characteristics of lunar soil.

5.2 | 3D shape characteristics of lunar
soil characterized by aspect ratio and
sphericity parameters

The aspect ratio results show that lunar soil is slightly to
moderately elongated. The aspect ratio is an indicator of
the elongation of particles. The closer the aspect ratio is
to 0, the more elongated the particle; the closer it is to 1,
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the more it approaches an ideal sphere or cube as shown
in Figure 7a. Figure 7b displays the distribution of parti-
cles in the original 3D model, categorized by aspect ratio,
showing the spatial distribution of these ratios within the
sample. Figure 7c presents a frequency histogram detailing
the aspect ratio frequency distribution of 553,578 particles,
indicating common and rare particle shapes in Chang’e-
5 lunar soil. The aspect ratio distribution is fitted with a
Gaussian model, showing that it conforms to a normal dis-
tribution with a minimum, maximum, mean, median, and
mode of 0.04, 1.00, 0.55, 0.56, and 0.59, respectively, which
indicates that most of the Chang’e-5 lunar soil particles are
between flat and spherical in shape. The cumulative vol-
ume distribution of the aspect ratio shows that the 50th
percentile is at 0.51. This moderate aspect ratio suggests
that most particles are elliptical or slightly flattened in
shape. Figure 7d shows the distribution of aspect ratios
after classifying particles by size based on the ESD, with
average aspect ratios of 0.63, 0.50, 0.50, 0.48, 0.48, 0.48,
0.45, 0.55, and 0.57 for clay, very fine silt, fine silt, medium
silt, coarse silt, very fine sand, fine sand, medium sand, and
coarse sand types of lunar soil particles, respectively, with

no significant fluctuations, proving that particle size has
no significant impact on aspect ratio. Gorz et al. 1972 previ-
ously analyzed the 2D aspect ratios of fine Apollo lunar soil
samples images (<30 um for Apollo 14 and 15 soils; <6 um
for an Apollo 12 soil) using SEM images. Aspect ratio val-
ues ranged from 1.0 to less than 0.1, with the majority
between 0.4 and 0.7. Similar to the findings of this study,
this demonstrates that the elongation of the fine particles
in the lunar soil is similar to that of the Apollo lunar soil.
Sphericity measures how closely the 3D shape of a par-
ticle resembles a sphere. Figure 7e showcases selected
3D models of Chang’e-5 lunar soil particles with varying
sphericity values. It is evident that the particles with the
highest sphericity have axes of similar length between the
longest and the shortest and relatively smooth surfaces.
Conversely, particles with lower sphericity have a greater
disparity between their longest and shortest axes, and their
surfaces are rougher. Compared to aspect ratio, spheric-
ity not only considers how close the particle’s axes are to
each other but also reflects to some extent whether the par-
ticle’s edges are pronounced. For instance, in Figure 7e,
a brown particle with a sphericity of 0.25 has an aspect
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ratio of 0.73, while an orange particle with a sphericity
of 0.40 has an aspect ratio of 0.65. The orange particle
is more elongated (lower aspect ratio) than the brown
particle, but because its surface edges are comparatively
smoother, it results in a higher sphericity. Figure 7f,g
presents the spatial and frequency distribution histograms
of lunar soil particle sphericity, showing that the mini-
mum, maximum, mean, median, and mode of is 0.13,1.02,
0.87, 0.89, and 0.93 respectively. The cumulative volume
distribution of sphericity shows that the 50th percentile is
at 0.88. It can be seen that the sphericity distribution is
notably right-skewed, with most lunar soil particles hav-
ing sphericity values between 0.85 and 1. Particles with low
sphericity values are typically polygonal, flat, or elongated.
The formation of fine lunar soil primarily relies on space
weathering processes such as micrometeorite impacts on
the lunar surface (Su et al., 2022), where particles with low
sphericity often break and fracture upon impact, and the
newly formed particles have increased sphericity as the
lunar soil matures and stabilizes. This is the reason for
the right-skewed distribution of sphericity values in fine
lunar soil. Figure 7h shows the distribution of sphericity
for particles classified by size based on the average ESD,
with average sphericity values of 0.91, 0.90, 0.83, 0.70, 0.57,
0.44, 0.31, 0.31, 0.13 for clay, very fine silt, fine silt, medium
silt, coarse silt, very fine sand, fine sand, medium sand,
and coarse sand types of lunar soil particles, respectively.
As particle size decreases, the sphericity value significantly
increases, confirming the correlation between sphericity
and the maturity of lunar soil. On the other hand, the
abundant existence of small glass beads (Z. Chen, 2023;
Yan et al., 2024; W. Yang et al., 2022; Zhao et al., 2023)
in the lunar soil is also the reason for the high average
sphericity of fine granular lunar soil. Many glass beads
smaller than 10 um are present in the lunar soil because
they melt at the high temperatures created by meteorite
impacts and quickly cool and solidify into spheres due to
surface tension in the low temperatures of space.

5.3 | Overall surface roughness of
Chang’e-5 lunar soil

The TRP quantitatively measures the overall surface
roughness of 3D objects, defined as the difference between
the maximum and minimum radii from the centroid to the
boundary points of the object’s projection across various
planes (XY, YZ, XZ). The TRP value calculation example
of one lunar soil particle is shown in Figure 8a. This metric
captures the extent of surface irregularities and deviations
from an idealized shape. The maximum radius represents
the farthest point on the surface from the centroid, indi-
cating the most prominent protrusion, while the minimum
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radius represents the closest point, indicating the deepest
indentation. By calculating the difference between these
two values, TRP encapsulates the overall roughness of the
surface, integrating the effects of peaks and valleys in the
three orthogonal directions on the object’s surface.

Figure 8b-d illustrates the spatial distribution of TRP,
ESD, frequency distribution statistics, and correlation
analysis of the lunar soil samples. The TRP values range
from 0.00 to 425.24 um, with an average value of 3.42 pm.
Notably, 95% of the particles have TRP values within the
range of 0-10.00 pum, indicating a pronounced skew toward
lower values. Furthermore, a linear positive correlation
is observed between TRP values and equivalent sphere
diameter, with a correlation coefficient of 0.85. This corre-
lation suggests that as particle volume increases, the TRP
value also increases, indicating that larger particles possess
rougher surfaces and exhibit more significant deviations
and irregularities.

A correlation analysis was conducted on the aforemen-
tioned 3D morphological parameters of the lunar soil par-
ticles. Figure 9 shows the Pearson correlation coefficient
matrix of mean Feret diameter, aspect ratio, sphericity, sur-
face area, TRP, and ESD for 553,578 lunar soil particles. It
can be observed that, aside from the very strong positive
correlation between TRP and ESD (correlation coefficient
0f 0.92), the other parameters exhibit relatively weak corre-
lations. This finding demonstrates that the measurement
parameters selected in this study effectively capture dif-
ferent aspects of the morphological characteristics of the
lunar soil.

6 | CLUSTER ANALYSIS OF LUNAR
SOIL PARTICLES

A clustering analysis was conducted on 553,578 lunar
soil particles using six 3D morphological characteris-
tics. Using the K-means algorithm, a clustering analysis
was performed on the mean Feret diameter, aspect ratio,
sphericity, surface area, ESD, and TRP of all segmented
Chang’e-5 lunar soil particles, with the number of clus-
ters set to 30. The clustering effectiveness was evaluated
by calculating the Calinski-Harabasz index, and princi-
pal component analysis was applied to reduce the data
to two dimensions for visualization (Figure 10). The final
Calinski-Harabasz index obtained is 34,836,477.73, with
the sizes of the 30 clusters being 556,606; 1; 4; 1; 2; 109;
939; 18; 29; 5,946; 1; 224; 3; 21; 108,869; 2; 1,669; 71; 356; 3;
12; 29; 3; 13,100; 123; 5; 554; 39; 2,964; 32,768, indicating
that the clustering results are of very high quality. Con-
sidering the number and size of the clusters, although the
cluster sizes vary greatly, overall, these clusters are able
to separate the data points effectively. From each of these
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morphological parameters of Chang’e-5 lunar soil.
FIGURE 9 Correlation Analysis of 3D morphological metrics.

triangular mesh representations of the lunar soil parti-

30 clusters, one particle was randomly selected as shown
in Figure 11. To construct the STL models, the march-
ing cubes algorithm was applied to extract the isosurface
from the segmented CT data, generating high-resolution

cles. The resulting STL files were further refined through
mesh simplification and smoothing to enhance numerical
stability for discrete element simulations and engineering
applications.
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FIGURE 11
morphology analysis.

Using the method described in the reference
(Michikami et al., 2018), the longest, intermediate,
and shortest edges (L > I > S) of the minimum bounding
box were calculated and compared with the data of lunar
samples returned by the Apollo and Luna (Tsuchiyama
et al.,, 2022) as shown in Figure 12a. If I/L > 2/3 and
S/I > 2/3, the particle is nearly equiaxed and classified
as Equant. If I/L < 2/3 and S/I > 2/3, the particle has
two significantly larger dimensions, fitting the Tabular
description. If I/L > 2/3 and S/I < 2/3, the particle has one
dimension significantly longer than the others, described
as Prismatic. If I/L < 2/3 and S/I < 2/3, the particle’s length
is much greater than its width and height, resembling a
needle-like shape, fitting the description of Acicular. It is
observed that the Chang’e-5 lunar soil particles, similar
to previously returned lunar samples, are predominantly
of the Equant type, with only a few particles classified as
Acicular and Tabular.

Subsequently, the 3D local roughness of 30 represen-
tative particles selected from the resulting clusters was
calculated. Local 3D roughness refers to the small-scale
irregularities with minor peaks and valleys on the parti-
cle surface. Determining the reference surface is crucial
for measuring the local roughness of 3D irregular parti-
cles. In this study, the spherical harmonic reconstruction
method was used to obtain the reference surface of the
particles, retaining the overall morphological characteris-
tics while removing particle textures to obtain a smooth
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Representative STereoLithography files of lunar soil particles and computed spherical harmonic base surfaces for 3D

surface as the reference. First, the marching cubes algo-
rithm was used to extract the 3D volumetric data of the 30
particles and save them as STL files. This algorithm tra-
verses the voxel data, generates corresponding isosurface
triangular meshes, and optimizes them through simplifi-
cation, smoothing, and removal of isolated components
to create STL files. Then, the vertices and faces of the
3D mesh models from the STL files were extracted. After
converting the vertex coordinates to spherical coordinates,
a Sth-order spherical harmonic function was used to fit
the vertex coordinates and reconstruct a smooth refer-
ence surface (Figure 11). The local roughness was obtained
by calculating the distance between each vertex and the
reference surface. Next, the total area of the reference
surface was then calculated, and local roughness was inte-
grated to derive the 3D arithmetic average roughness (S,).
Finally, the local roughness was normalized and rainbow
and reference surface plots were generated to visualize the
roughness distribution and shape of the mesh models as
shown in Figure 12c.

Unlike TRP, local roughness can reflect the small-scale
surface undulations that directly affect particle interac-
tions such as collision, friction, and embedding. Figure 12b
shows the average local roughness (S,) of the selected
30 particles, with an average value of 15.8 pm, a maxi-
mum value of 64.7 um (Particle No. 2), and a minimum
value of 0.23 um (Particle No. 1). Unlike TRP, local
roughness can reflect the small-scale surface undulations
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Local 3D surface roughness of selected Chang’e-5 lunar soil particles. (a) Zingg diagrams of lunar regolith particles

displaying typical shape distributions. L, I, and S represent the longest, intermediate, and shortest edge lengths of the particle’s minimum

bounding box (L > I > S), respectively. Chang’e-5 represents 30 representative lunar soil particles extracted through cluster analysis in this
study. 10084 represents lunar samples from Mare Tranquillitatis collected by the US Apollo 11 mission. L1613-1 and L1613-3 represent lunar
samples from Mare Fecunditatis collected by the Soviet Luna 16 mission. The samples starting with 124 represent lunar samples from Mare

Crisium collected by Luna 24 mission. 60501 represents lunar samples from the Descartes Highlands collected by the US Apollo 16 mission

(Tsuchiyama et al., 2022). (b) The average of local roughness (S, ) of 30 selected Chang’e-5 samples. (c) The calculation results of the local
roughness of 30 selected Chang’e-5 lunar soil particles.
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that directly affect particle interactions such as colli-
sion, friction, and embedding. The STL files for the 30
particles are available on request of the authors, which
can be used to construct numerical models of lunar soil
particles.

7 | POTENTIAL UTILIZATION OF 3D
MORPHOLOGICAL CHARACTERISTICS
OF LUNAR SOIL IN DISCRETE ELEMENT
SIMULATION

DEM is a numerical computation method used to simu-
late the dynamic behavior of particle systems (Espinosa
et al., 2023). The main steps include particle model cre-
ation, initial sample preparation, contact model definition,
particle property definition, boundary condition setting,
and dynamic equation solving. This process ultimately
provides the motion trajectories and mechanical responses
of lunar soil and other particulate materials under external
loads.

The 3D morphology parameters of Chang’e-5 lunar soil
can be applied to the modeling steps of DEM simula-
tions to enhance accuracy. Specifically, for particle model
creation, size parameters such as ESD can be used to
describe particle size, forming the basis for simplified par-
ticle models. Moreover, open-source STL models can be
directly imported into common commercial software to
establish precise geometric models of particles. For ini-
tial sample preparation, the centroid position of individual
particles can determine their initial positions within the
simulation domain. Combined with the layered under-
pressure method, this can create high-fidelity initial sam-
ples, improving simulation accuracy. The centroid position
also plays a crucial role in calculating dynamic parame-
ters such as the particles’ moments of inertia. Regarding
contact model definition, DEM typically employs lin-
ear elastic contact models or Hertz contact models to
describe contact issues between smooth particles. How-
ever, these models are not suitable for rough surfaces.
Local roughness describes the microstructure of parti-
cle surfaces within contact models, affecting inter-particle
friction, contact stiffness, and contact area. By incorporat-
ing local roughness into contact models, more accurate
physical phenomena can be reflected. Additionally, most
lunar soil particles have irregular shapes, with face-to-face
contact being most common, exhibiting a certain resis-
tance to rotation known as the interlocking effect. Through
3D morphology parameters such as sphericity and aspect
ratio, the torsional resistance coefficient can be quantita-
tively predicted (Rorato et al., 2021), thus improving the
contact model.
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In this study, we applied high-resolution X-ray CT and
deep learning techniques to analyze the 3D morphologi-
cal characteristics of lunar soil particles from the Chang’e-5
mission. Using a U-Net deep learning network, we devel-
oped a non-destructive, automated method to characterize
553,578 particles, extracting key parameters such as size,
shape, and surface roughness. The results indicate that
74.3% of particles are smaller than 100 um, with a median
ESD of 63.73 um. The particles are predominantly ellip-
tical or slightly flattened, with finer particles exhibiting
higher sphericity (average 0.87). Surface roughness analy-
sisrevealed that larger particles tend to have more irregular
surfaces, influencing mechanical interactions. The clus-
tering analysis classified particles into 30 representative
types, providing insights into particle morphology varia-
tions and microstructural characteristics. These findings
enhance the understanding of lunar soil’s mechanical
behavior, which is critical for DEM simulations and in
situ resource utilization applications such as sintering-
based construction. This research lays the groundwork for
sustainable lunar infrastructure, including landing pads,
rover mobility optimization, and lunar base construction.
Additionally, the proposed method can be extended to
other planetary regolith studies, offering a scalable and
efficient approach for extraterrestrial soil analysis.
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